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Abstract 
The Normalized Cut method has been proposed to serve as an effective image segmentation method. Nevertheless, 
the image segmentation result of the Normalized Cut method is sometimes unsatisfactory. In this paper, we propose 
an improved image segmentation method combining L1-sparse reconstruction with the Normalized Cut method. 
Experimental results show that the improved method not only retains the advantages of the Normalized Cut method, 
but also overcomes the drawbacks of its over-segmentation or incomplete segmentation under certain conditions. 
 
© 2011 Published by Elsevier Ltd. Selection and/or peer-review under responsibility of Harbin University 
of Science and Technology 
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1. Introduction 
Image segmentation is an important process of image analysis and image understanding [1]. It is 
defined as the process of partitioning the image into several independent meaningful and continuous 
regions depending on some features, such as grayscale, color, texture etc.  
Spectral clustering is a new hot research in recent years [2]. It can be used as a global image 
segmentation method based on graph theory [3]. The main idea is that the image is rightly transformed to 
an undirected graph, and then partitioning on this graph provides image regions segmentation. There are 
many spectral clustering methods for image segmentation, such as Minimum cut, Average cut, 
Normalized cut (Ncut), Min-max cut, Ratio cut, Isoperimetric Ratio, MNCut etc [3]. Ncut method [4] has 
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more advantages than other methods because it provides a standardized segmentation criterion, which 
suppresses segmentation results that include small regions. However, this method sometimes leads to 
over-segmentation or incomplete segmentation results.  
To avoid the issues of the Ncut method, we develop a novel image segmentation method which 
combines a preprocess based on L1-sparse reconstruction. Firstly, this method chooses the total variation 
method to decompose the original image f into a cartoon image u and a texture one v [5]. The cartoon u 
contains background hues with sharp edges while the texture v preserves small scale patterns. And then, it 
applies the Ncut method to segment the cartoon u. In the end, it maps the segmentation result to the 
original image f. As u is more regular than f, and u has the edge-preserving ability [6], our method is more 
robust and efficient than Ncut method.  
The rest of this paper is structured as follows: Section 2 introduces the standard Ncut segmentation 
method and describes our segmentation method. We then proceed with the experimental results in section 
3. Finally, conclusions are drawn in section 4. 
2. Methodology 
2.1. The Standard Ncut Method 
According to Shi and Malik [4] and von Luxburg [3], the image is represented as a weighted 
undirected graph ( , )G V E=  where the nodes of the graph are the points in the feature space, and an edge 
is formed between every pair of nodes. The weight function on the edges : 0w E R→ ≥  is a function of 
the similarity between the end points of the edge. The similarity matrix of the graph G  is , 1,...,( )ij i j nW w == , 
and the degree of a vertex iv G∈  is defined as 1
n
i ijj
d w== ∑ . The degree matrix D  is defined as the 
diagonal matrix with the degrees 1,..., nd d  on the diagonal. The graph Laplacian matrix is defined as 
L D W= − . The standard Ncut algorithm is described in algorithm 1. 
 
 
Algorithm 1: Standard Ncut Algorithm (according to von Luxburg [3]) 
 
Input:  An image I, number k of clusters to construct. 
• Construct a similarity graph G from I. Let W be its similarity matrix. 
• Compute the unnormalized Laplacian L. 
• Compute the rst k generalized eigenvectors 1,..., ku u  of the generalized 
eigenproblem  Lu Duλ= . 
• Let n kU R ×∈  be the matrix containing the vectors 1,..., ku u  as columns. 
• For 1,...,i n= , let kiy R∈  be the vector corresponding to the i-th row of U. 
• Cluster the points 1,...,( )i i ny =  in kR  with the k-means algorithm into clusters 1,..., kC C . 
Output: Clusters 1,..., kA A  with { | }i i iA j y C= ∈ . 
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2.2.  L1-sparse Reconstruction 
Sparse signal processing [7,8] has had over the last few years a signicant impact on many elds in 
applied science and engineering such as statistics, information theory, image processing, and others. From 
a general viewpoint, sparsity and compressibility lead to dimensionality reduction and eﬃcient modeling. 
The L1-sparse signal reconstruction has been applied successfully to image reconstruction using total 
variation (TV) methods [9]. The underlying model for TV methods aims at exploiting the sparsity of the 
gradient of the image.  In the total variation framework, an input image f is modeled as the sum of a 
piecewise smooth base layer image u (cartoon) and a detail image v (texture). As u is more regular than v, 
we can obtain u from image f by solving a regularization problem: 
 
2min | | ( )
D D
u u f dxλ∇ + −∫ ∫   (1) 
where | |
D
u∇∫ is the total variation of u, 2( )D u f−∫ is the delity term, is a similarity metric between u 
and f, and λ is a weighting parameter. We sometimes call u the reconstruction image of f. Because the 
u is usually a piecewise smooth, the image gradient function | |u∇ is a sparse signal.  
    The problem in formula (1) is nonlinear, but it can be solved efficiently and reliably since it is convex. 
Formulating the problem as an L1 minimization allows us to use an interior point solver. Nevertheless, for 
solving orientations we currently use the external package called CVX [10], which is sufficient for our 
needs. 
2.3. Our Segmentation Method 
Based on our L1-sparse signal reconstruction preprocess and Ncut method, we now propose a novel 
image segmentation method, which automatically segments large scale objects in images without inner 
edges corruption. Our method consists of the following steps (cf. Fig. 1):  
1. Apply L1-sparse Reconstruction preprocess on the original image f:  We run CVX package to get the 
cartoon image u ( Fig. 1 (a)Æ(b) ). 
2. Segment the target region on u:  We run Ncut algorithm on u. As u is more regular than the original 
image f, we get large scale objects in u without inner edges corruption ( Fig. 1 (b)Æ(c) ). 
3. Map the segmentation result to original image f:  The last step is to apply the generated mask on the 
original image f to extract the pattern ( Fig. 1 (d) ).  
 
     
Fig. 1. (a) Original image f;               (b) Cartoon image u;              (c) Ncut segmentation on u;             (d) Apply (c) to (a). 
3. Experimental Results 
We have applied our segmentation method and Ncut method to various images in Fig. 2. Image 
data are selected from Berkeley image segmentation database. These experiments were performed on 
an Intel Pentium D 2.8 GHz machine with 2GB RAM. The run platform is Matlab 7.11. In Fig. 2, for 
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the first and second images, the segmentation results of our method and Ncut are good and similar. 
However, Our method is better than Ncut in the deail, especially for the second image. For the third and 
fourth images, Ncut method gets over-segmentation and incomplete segmentation results, while our 
method can extract the large target pattern from the background without corruption caused by inner 
intensity differences or boundaries. It can be observed that our method provides an improvement of 
segmentation on cases where a large leading role in an image is what we want to extract. 
 
    
    
    
    
Fig. 2. results on real grey images. 1st column: original image; 2nd column: preprocessed image; 3rd column: our results; 4th column: 
results of Ncut method. 
Fig. 3 compares feature spaces of our method with Ncut’s for the third image in Fig. 2. Fig. 3 (a) and 
(b) show the first and second eigenvector projections of our method in the feature space. Both of them 
keep the overall integrity of the plane. It leads to a good segmentation result of our method. Fig 3(c) and 
(d) show the corresponding eigenvectors of Ncut method. The plane can’t be recognized from the 
background in these two feature spaces. It leads to a bad segmentation result of Ncut method. 
 
      
Fig. 3.  (a) our 1st eigenvector;          (b) our 2nd eigenvector;            (c) 1st eigenvector of Ncut ;       (d) 2nd eigenvector of Ncut. 
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The experiments show that our method is effective, which preserves the advantages of Ncut method, 
and makes more accurate results. L1-sparse reconstruction method can gather the energy at the obvious 
features and smooth the small features. It results in a piece-wise smooth cartoon image, which is more 
suitable for segmentation than the original image. 
4. Conclusions 
In this paper, we propose a novel image segmentation method combining the L1-sparse reconstruction 
with the Ncut method. It uses L1-sparse reconstruction to get the cartoon component of the original image, 
and applies Ncut method to the cartoon. As the cartoon component is more regular than the original 
image, we get large scale objects in images without inner edges corruption. The experimental results 
show that this method not only preserves the advantages of Ncut method, but also improves and fixes the 
shortages of Ncut method. 
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